CR-SAM: Curvature Regularized Sharpness-Aware Minimization
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METHODS
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RESOURCES AND CONTACT

Solving it with finite difference method:
Figure 4. CR-SAM achieves much faster and stabler convergence. This can

be explained by the fact that CR-SAM discourages excessive curvature and
thus reduces optimization complexity, making local minima easier to reach.

* Paper: https://arxiv.org/abs/2312.13555
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* Code: https://github.com/TrustAloT/CR-SAM
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